I Introduction
Asian developed futures markets, such as the Hong Kong Futures Exchange, the Osaka Stock Exchange, and the Singapore International Monetary Exchange, have attracted an extensive research interest. Previous studies have focused on individual index futures listed on these three futures markets. See, for example, Fung, Cheng, and Chan (1997) , Chen, Duan, and Hung (1999) , Cheng, Fung, and Chen (2000) , Duan and Zhang (2001) , Kim, Ko, and Noh (2002) , Chung, Kang, and Rhee (2003) , Cheng, Jiang, and Ng (2004) , and So and Tse (2004) . Little attention has been paid to nonlinear dependence, especially tail dependence caused by extreme events, between these markets. The present paper aims to fill this void using a technique known as the copula method. Our study has found strong evidence not only of asymmetric tail dependences across the markets, but also of downside dependent risks within the markets.
Tail dependence plays an increasingly important role in optimal assets allocation and asset pricing. A number of empirical studies have recently uncovered that correlations between international equity markets are higher during market downturns than during market upturns 1 . If all stock prices tend to fall together as tail events occur, the value of diversification might be overstated by those not taking the increase in downside dependence into account (Ang and Chen, 2002) . As a consequence, international diversification is less beneficial than expected, and investors have to reallocate more assets into foreign markets with near-normal correlation profiles to avoid the downside risk. As far as asset pricing is concerned, asymmetric tail dependence should also be considered for valuing deep out-of-the-money puts and calls since the structure of dependence is different between left and right tails.
2
Previous studies on dynamic dependence between markets are, however, all based on multivariate GARCH method (e.g. De Santis and Gerard (1997) , and Kroner and Ng (1998) ) and fail to capture tail dependence induced by rare events. Until recently, there has been a growing interest in applying copula theory in the finance area. A copula is a special multivariate distribution function which can fully capture tail dependence among 1 e.g. Erb, Harvey and Viskanta (1994) , King, Sentana and Wadhwani (1994) , De Santis and Gerard (1997), Solnik (1995, 2001 ), Ang and Bekaert (2002) and, Ang and Chen (2002) . 2 See Poon, Rockinger and Tawn (2004) .
two or more random variables. The major financial applications can be found in Bouye et al (2000) , Bradley and Taqqu (2003) , Embrechts, Lindskog, and McNeil (2003) , and Cherubini, Luciano, and Vecchiato (2004) , among others. Although the copula model is a new tool for evaluating multivariate dependence, empirical fronts have been expanded in many financial directions including asymmetric patterns of financial market comovements. See, for instance, Costinot et al (2000) , Hu (2002 Hu ( , 2004 , and de la Pena et al (2004) ).
Following Patton (2001 Patton ( , 2004 , our methodologies are different in three respects from the above-cited studies. First, in estimating the model of a marginal distribution, we parameterize the dynamics of the conditional third and fourth moments along with the threshold heteroscedasticity process using Hansen's (1994) method. Compared to a large body of previous researches which assumed that standardized innovations are subject to either a log-normal or a standard normal distribution, our methods can better reflect the characteristics of underlying returns. Second, another novelty in our econometric methodology is that we employ several dynamic two-parameter Archimedean copulas to trace dynamics of asymmetric dependence, rather than static one-parameter Archimedean copulas popularly used in the existing empirical literature. The advantage of the dynamic two-parameter Archimedean copula is that it can simultaneously capture the time-varying upper and lower tail dependences. This enables us to redress the possible biasedness or inaccuracy of the static one-parameter Archimedean copula that assumes only one tail dependence (either upper or lower) between bivariate random variables. Third, to enhance the consistence and efficiency of our two-stage maximum likelihood estimates, the asymptotic variance-covariance matrix are calculated by the so called "sandwich estimator" proposed by Newey and McFadden (1994) and White (1994) . The ensures more robust statistic inference.
To our best knowledge, the present paper is the first to study dynamic asymmetric dependence using time-varying two-parameter copulas on Asian developed futures markets. It is organized as follows. In Sections 2 and 3, we outline the models and the estimation method. Section 4 presents and discusses empirical results. Concluding remarks are given in Section 5.
II Models

Archimedean Copulas
A copula function C is defined as a cumulative distribution function 
where is the density corresponding to and )
is the density of copula.
A family of bivariate copulas known as Archimedean copulas offers us an easy way to capture asymmetry in joint skewness and joint kurtosis. Although several popular oneparameter Archimedean copulas such as Clayton, Frank, and Gumbel copulas have been extensively studied in previous researches, they cannot distinguish between lower and upper tail dependences. However, correlation between financial markets may well be asymmetric between market downturns and market upturns. For this reason, we employ three families of two-parameter Archimedean copulas referred to as BB1, BB4 and BB7 in this study. From Fig. 1 and Fig. 2 , it is clear that these copulas can capture asymmetric tail dependence simultaneously.
Tail Dependence
According to Joe (1997) , if a bivariate survival copula C of a bivariate copula C,
exists, then C has upper tail dependence if (0, 1] and no upper tail dependence if
exists, C has lower tail dependence if (0, 1) and no lower tail dependence if
Tail dependence may be understood as the joint probability of large market comovements, the probability of an extremely large negative (positive) return on one asset given that the other asset has yielded an extremely large negative (positive) return.
The coefficients of upper and lower tail dependences are therefore expressed as
The closed forms for the two-parameter copulas BB1, BB4, and BB7, and the details of tail dependence in these three models are provided in Table 1 .
3 Note that the twoparameter copulas listed in Table 1 are characterized by constant tail dependence. To capture the dynamics of parameters, we follow Patton (2001 Patton ( , 2004 and specify the dynamic two-parameter copulas as an ARMA (1, p) process: 
is the logistic transformation to ensure (0, 1) at all time.
Regarding the number of lag for the forcing variables, there does not exist a general rule to follow. Here, we try p = 1. Joe (1997 Joe ( , 2005 proposed a two-stage estimation procedure to estimate the unknown parameters of a copula. In the first step, for a sample size n with m observed random vectors , we can estimate the parameters of each margin {θ } parametrically.
Next, based on the estimated parameters {θ } and a given density of the copula, the parameter estimates of each copula {θ } can be obtained via the maximum likelihood method in the second step. Joe (2005) shows that the two-stage estimation method generally has good efficiency properties.
Marginal Distribution
Based on the properties of classical copulas, Patton (2001) suggests that the σ-algebra ℱ generated by all previous joint observations ℱ t = ) , ,......, , ( 
Accordingly, the conditional mean and conditional heteroscedasticity can be naturally taken into account for modeling margins. However, the distribution of each margin is unknown and what we can do is to assume that each margin approximately subjects to a specified distribution. In this research, we use a parametric method to estimate the margins with data being assumed to follow a conditional skewed-t distribution with a threshold GARCH (1, 1) process.
The threshold GARCH (1, 1) (TGARCH) proposed by Glosten et al (1993) and
Zakoian (1994) Black (1976) notes that movements of stock prices commonly contain "leverage effect" or "volatility feedback effect". That is, when the value of a stock falls due to bad news, volatility of returns will increase as the debt-to-equity ratio rises. The TGARCH model allows bad news and good news (even extreme events) to have a different impact on volatility while the standard GARCH model does not. The empirical result of Engle and Ng (1993) suggests that the TGARCH model is the best to model asymmetry, compared to other nonlinear GARCH models such as EGARCH or asymmetric GARCH (AGARCH) models. A visual method to illustrate the advantage of TGARCH model is the so-called news impact curve (NIC) introduced by Pagan and Schwert (1990) and popularized by Engle and Ng (1993) . Although the TGARCH model can fully capture the asymmetry of conditional volatility, the assumption that the standardized innovations subject to standard normal distribution is unrealistic. In view of this, Hansen (1994) introduced a skewed-t (skt) distribution. The original density of this unconditional distribution is defined as
The degree of freedom η and the skewness parameter λ are restricted within (2, ∞ ) and (-1, 1) respectively. Figure 4 exhibits different patterns of skewed-t pdf with various parameters.
[ INSERT FIGURE 3 HERE] Further, given a cdf of the traditional student-t distribution with η degree, the cdf of
For the proof of Eq. (3.7), the reader may refer to Jondeau and Rockinger (2003 can be obtained via
Consistent Asymptotic Estimation
Consistency and asymptotic normality are two major desirable properties of maximum likelihood estimators. However, the asymptotic property holds only when the model is correctly specified, but it is by no means a necessary condition for the consistent estimation of particular parameters of interest (White (1982) ). In practice, investigators often strongly rely on explicit distributional assumptions but can not completely extract information from finite samples. Thus, the deviation of the principal asymptotic properties of maximum likelihood estimators might induce serious model misspecification. Following propositions of Newey and McFadden (1994) and White (1994), our asymptotic covariance matrix for the two-stage procedure is therefore consistently estimated by the so-called "sandwich estimator":
where H is inverse Hessian matrix and OPG represents the outer-product-of-thegradient or BHHH estimator advocated by Bernt, Hall, Hall and Hausman (1974) . As such, the standard error of each parameter is replaced by the robust standard error for statistical inference. Turning to Nevertheless, these rank correlations do not tell us anything about co-skewness and cokurtosis. We thus employ ellipticity test proposed by Mardia (1970) to detect multivariate skewness and kurtosis. Again, the results of 
Preliminary Analysis
Dynamic Marginal Distributions
Time varying two-parameter copulas
We begin investigation of tail dependence with the static two-parameter Archimedean copulas. Table 7 shows that unconditional tail dependence exhibits constant asymmetry.
All lower tail dependences are greater than upper tail dependences except for the Hang Seng-Nikkei 225 pair in model BB7. In spite of the significant statistic values, however, information provided in Table 7 is not good enough to trace dynamic dependence. [ INSERT TABLE 7 AND TABLE 8 HERE] [ INSERT FIGURE 7 HERE] Turning to summaries of results for the time varying two-parameter copulas displayed in Table 9 
Determining the Optimal Dynamic Two-parameter Copulas
Based on our estimates of the parametric copulas, we perform a set of goodness-of-fit test and use two information criteria for selecting the optimal copula model. The goodness-of-fit tests include the Kolmogorov-Smirnov test, the Anderson-Darling test, and the Integrated Anderson-Darling test. The basic idea of these tests is based on a distance measure between the empirical and theoretical distribution function. The empirical copula was introduced by Deheuvels (1979 Deheuvels ( , 1981 and formally defined by Nelsen (1999 where q is the number of coefficients. The most informative copula is thereby selected according to the minimum values of the above tests and criteria.
The goodness-of-fit tests results reported in Table 10 indicate that the time varying model BB7 is the superior time varying two-parameter copulas for assessing conditional tail dependences. In addition, both the minimum values of AIC and BIC are also consistent in ranking the model BB7 number one. The plots of conditional tail dependences and time varying parameters of model BB7 for the three pairs are given in Fig. 7 . In the light of summary in Table 9 , model BB7 is the one where the mean values of conditional lower tail dependence are higher than the mean values of conditional upper tail dependence. This suggests that the probability of downside market comovements is greater than the probability of upside market comovements between Asia developed futures markets during the post crisis period. This finding is similar to previous ones by Login and Solnik (2001) and Ang and Chen (2002) . The two studies find that correlation between international equity markets is higher during bear markets than during bull markets.
[INSERT 
V. Concluding Remarks
We employ three two-parameter Archimedean copulas to investigate dynamic asymmetric tail dependence in Asian developed futures markets. With a careful implementation of two-stage estimation, we found that higher moments of each filtered index futures return are time dependent. This is indicative of conditional skewness and leptokurtosis in each index futures return series. We then extend a class of two-parameter copulas incorporating time varying tail dependences to capture the dynamic asymmetries.
The estimated results provide strong evidence of asymmetric dependence across all Asia developed futures markets. Moreover, based on the goodness-of-fit tests, we found the model BB7 is the optimal one which demonstrates that the probability of dependence in bear markets is higher than in bull markets during the post crisis period further exposing downside dependent risk. Therefore, our consistent parameter estimates successfully approximate the dynamic asymmetric tail dependences and constitute a precise basis for the purpose of hedging downside risk. 
Note that α and β are estimated parameters for copulas. and are lower and upper tail dependences respectively. More details see Joe (1997) and Nelsen (1999) . Newey and McFadden (1994) and White (1994) . Loglike is log likelihood. 
The associated p-values are provided in parentheses. at the 95% confidence interval (n is the sample size) based on the calculation of b which is a basic point for testing 2-demensional multivariate kurtosis. * indicates significance at the 5% level. Newey and McFadden (1994) and White (1994 
is the logistic transformation to ensure (0, 1) at all time. Robust standard errors are calculated according to Newey and McFadden (1994) The negative skewed-t density is represented by solid line, the positive skewed-t density is represented by dash-dot line, and standard Student-t density is represented by dashed line. All NIC are plotted according to Eq. (3.5) where each return series is subject to a conditional skewed-t distribution. The asymmetric pattern of TGARCH (1, 1) is plotted by circles and the symmetric pattern of GARCH (1, 1) by dots. for Nikkei 225-MSCI SIN
